Chromatin organization remains complex and far from understood. We discuss here recent statistical methods to extract biophysical parameters from in vivo single particle trajectories of loci to reconstruct chromatin reorganization in response to cellular stress such as DNA damages. We look at the methods to analyze both single loci as well as multiple loci tracked simultaneously and explain how to quantify and describe chromatin motion using a combination of extractable parameters. These parameters can be converted into information about chromatin dynamics and function. Furthermore, we discuss how the time scale of recurrent motion of a locus can be extracted and converted into local chromatin dynamics. We also discuss the effect of various sampling rates on the estimated parameters. Finally, we discuss polymer methods based on cross-linkers that account for minimal loop constraints hidden in tracked loci, that reveal chromatin organization at the 250nm spatial scale. We list and refer to some algorithm packages that are now publicly available. To conclude, chromatin organization and dynamics at hundreds of nanometers can be reconstructed from locus trajectories and predicted based on polymer models.
Introduction
Fundamental physical properties of DNA such as the internal elasticity, the bending properties as well as the rotational energy have been estimated exvivo [66, 67] . But what about the properties of chromatin in vivo? Not only was it simply difficult to visualize specific chromatin loci but it remains unclear to date, what exact physical quantities should be measured. Shall we simply use the same classical physical observables measured ex vivo or shall we focus on other parameters to be extracted so that we can hope to reconstruct from the space a locus explores the chromatin dynamics? Observables are physical quantities that can be measured but they depend on the perception of what we are studying and a priori model of the phenomena. This choice made by the observer is thus open to bias. In the case of chromatin, we still do not have a complete and definitive physical model that would represent its dynamics and possible configurations. Recent works by us and others have brought chromatin models forward to the point that they can be predictive [28, 7] for its organization and dynamics. Here we present studies combining single particle trajectories (SPTs) of one and multiple chromatin loci with polymer modeling that aim to clarify chromatin structure and dynamics and how it changes in response to DNA damages.
Modeling chromatin with polymers started with the primitive Rouse model (beads connected by spring), on which repulsion forces have later been added (Lennard-Jones forces) followed by bending elasticity, reviewed in [7] (Box 1). Recently, to account for long-range forces between various parts of the chromatin, connecting monomers located far away have been introduced in simulations [10, 29, 9] and theory [5, 60] . Although these models are used to simulate chromatin in some defined conditions, how they relate to the analogous biological condition is unclear. To connect polymer models and how chromatin actually behaves inside the nucleus one must be able to extract physical parameters from real experimental chromatin data under various conditions. To this end, the adoption of green fluorescent protein (GFP) and other fluorophores to visualize single chromosomal loci in vivo [12] enabled many genomic loci, under multiple conditions to be studied [57] . This led to the advancement of several biological questions regarding the cellular and ge-netic components that regulate chromatin movement, such as cell cycle stage and cohesin loading [30, 17] or the role of nucleosome remodeling enzymes such as the INO80 complex [50] , reviewed in [16] . The function of chromatin movement is not well understood and is difficult to experimentally prove as many of the factors that regulate movement also have other roles in the cell. One role in which chromatin movement may contribute, is the efficiency of repair of DNA double-stand breaks (DSBs) by a process called homologous recombination HR, reviewed in [28] . Here a broken DNA strand must physically scan the nucleus to find its homologous partner if the replicated sister is not present or is otherwise damaged. While definitive proof that chromatin motion facilitates repair by HR remains elusive, there are a number of correlations. Ablation of proteins that result in reduced movement, decreases repair efficient by HR [28] , while mutations that increase movement improve HR efficiency [50, 58] . However, while we know that chromatin movement is regulated in some conditions, we understand little about how chromatin moves. Limiting our understanding is how single particle trajectories are generated as well as how they are analyzed. This paper is organized as follows: The first section describes physical models that have been used to analyze chromatin trajectories. We introduce four key physical parameters that can be extracted from chromatin loci trajectories and can be used in combination to characterize motion. The second section presents how to build a correlation analysis for two loci recorded simultaneously. In the third section we discuss crowding constraints on chromatin, polymer simulations and what can be predicted about chromatin motion. Finally, we summarize existing publicly available algorithm packages. Although many examples described here concern yeast, the statistical methods and data analysis can be applied to many other organisms, from insects to mammalian cells [69, 47, 13] .
2 Chromatin locus dynamics revealed by SPTs 2.1 Which model to use for SPTs: free, confined or anomalous diffusion?
SPTs consist of an ensemble of successive points acquired at a sampling rate ∆t. What can be extracted from these trajectories? To answer this question a physical model, which is a framework that provides plausible physical mechanisms and accurate predictions, should be selected. However, this selection process remains challenging. For example, in the case of the nucleus, finding the best physical description of chromatin will provide an optimal framework to define, elucidate and predict its motion in various conditions. We now present briefly some elementary scenarios to infer the underlying physical processes based on trajectories.
The most well-known example of molecular dynamics not driven by any active mechanism is classical diffusion (see Glossary) described by Brown in 1827 and quantified statistically by Einstein in 1905. A particle driven by free diffusion at scale ∆t is characterized by random jumps that follow a Gaussian distribution of variance 2D∆t, where D is the diffusion coefficient. In that case, the physical quantity to estimate is simply the diffusion constant D. However, the locus motion can be restricted due to obstacles or to some resulting tethering force, which are not accounted in classical Brownian motion. In that case, how can we determine the extent of the restricted region and the nature of the restriction (confinement vs tethering force)? We will disucss below some associated parameters to be measured that allow for us to distinguish these models.
Another possibility to describe the motion of a locus is to use a deviation from classical Brownian motion, which is call anomalous diffusion, where the forces underlying the locus dynamics are correlated in time [49] . In that case, such correlation should be determined. Another possibility is that SPTs can result from a combination of deterministic (generated by a force) and Brownian motion. The motion could also result from switching between a deterministic forces and diffusion. In that case, the nature of the force should be identified as well as the switching rate, often approximated as Poissonnian (characterized by a single exponential parameter). Finally, we recall that the trajectory of a tagged locus can only provide a local and partial information about the long-range chromatin interactions. Thus, polymer models are used to integrate this local information into a general framework.
To summarize, we need to select among various possible physical models, making an informed decision based on trajectory data. Thus, we are left with the following question: how to infer from the motion of a locus, the optimal polymer model that describes chromatin? When successful, the underlying model can be used to extract specific parameters that characterize chromatin under different conditions: transcription, DSBs, DNA viral translocation, various drugs, different cellular phases, etc. such approach is now currently used to study chromatin re-organization.
From trajectory analysis to model selection
In this section, we describe four parameters computed from SPTs that are used to select one of the physical model for chromatin dynamics mentioned in the previous subsection. If the locus is assumed to be diffusing in a free space, then free diffusion is characterized by a single parameter: the diffusion coefficient D c , which should be estimated from data (see below). For confined and restricted motion, more parameters are needed to determine the restriction. The restriction could be due to the external environment such as crowding but not only: spatial restriction of chromatin in special configurations, such as the Rabl configuration of budding yeast chromosomes, where telomeres and centromeres are tethered to the nuclear periphery [68] , will limit chromatin motion. Therefore, the diffusion coefficient of a chromatin locus is clearly insufficient to describe confinement.
Diffusion coefficient
The first step is to collect the data and then the diffusion coefficient can be estimated along trajectories (see Box 2) . Computing and comparing the diffusion coefficient estimated at different locations clarifies the spatial heterogeneity within the nucleus. Interestingly, the same loci in different cells can have different diffusion coefficient, demonstrating the variability across cells, the reason for which remains unclear. While extracting the diffusion coefficient D c of a single chromatin locus is limited due to many factors affecting the statistical evaluation of this variable, it is possible to extract the diffusion coefficient from many different trajectories. Indeed, instead of computing the diffusion coefficient along trajectories, it is possible to combine a massive number (10 4 − 10 5 ) of super-resolution trajectories to reconstruct a diffusion map inside cellular environments, membranes and the nucleus for a variety of fluorescently tagged proteins such as histones, receptors, cytosolic proteins [48, 22, 21, 35, 23, 40, 46, 36, 32, 38, 33 ].
Anomalous exponent
The anomalous diffusion is a deviation from classical diffusion, characterized empirically by an anomalous exponent α that can be extracted from the slope of the Mean Square Displacement (MSD) |X(t + ∆t) − X(t)| 2 that behaves like At α for ∆t small over the time (Box 2). When α = 1 it reflects a Brownian motion, α > 1 is called super-diffusion, which represents a stochastic dynamics containing a deterministic directed motion. Finally, α < 1 is a sub-diffusive motion, which could result from short-range forces (see below) or viscosity memory [42, 5, 43, 7] .
Note that directed motion is often hidden in the MSD analysis. In that case, extracting the anomalous exponent is not enough to account for the entire dynamics. In parallel, a drift analysis has to be performed to extract the distribution, organization of vector fields, [35, 39, 34] and directional changes [11, 52] .
The exponent α computed for a single locus remains difficult to interpret and in particular to connect with local chromatin organization. α reveals much of the nature of a locus that belongs to a polymer, but clearly remain insufficient, alone, to recover all the properties of chromatin. In general, the exponent α for chromatin loci varies in the range 0.3-0.5, when no external forces are applied to the polymer model [7] . But in the presence of deterministic forces, generated for example by the nucleus surface oscillation, actin or microtubule network, the range of α can increase to (0.5 − 2).
Confined diffusion
How much space a locus explores in a given time is another important parameter to extract from a trajectory. To quantify spatial restriction due to crowding or chromatin anchorage, the length of constraint L c can be used [7] : It is defined as the standard-deviation of the locus position with respect to its mean averaged over time (see Box 2) . This parameter provides an estimation for the apparent radius of the volume explored by a trajectory and importantly does not require a plateauing of the MSD. A small L c compared to the radius of the nucleus is thus the signature of a high confinement, while a large L c means that the locus motion is not restricted by any nuclear bodies or chromatin. In summary, the length of constraint L c provides a measure of confinement but it does not reveal the underlying mechanism.
Tethering force to restrict diffusion
What restricts the motion of chromatin loci? A trajectory could be confined either by obstacles or by a field of force. How can we differentiate between these two possibilities? This question can be addressed by using a polymer model, where a tethering force is generated by a potential well U ext (R n ) = 1 2 K c (µ − R n ) 2 centered at a point µ and applied at a monomer R n . The spring constant K c has to be estimated from data ( Fig. 1A and Box 2). The field of force U ext should influence the motion of any locus and thus could be extracted from trajectories. This tethering not only affect the motion of the whole polymer (chromosome) but can arise from interactions of the locus with other chromosomes or nuclear substructures such as the nuclear envelope. While it is not possible to directly measure this force, it can be inferred from SPTs [3] . Indeed, a procedure has been developed for freely moving particle [38] requiring many redundant trajectories exploring the same micro-environment. However, for a single-long trajectory that does not come back too many times on itself, there may be not necessarily enough data points. To overcome this difficulty, a recent method [3] considers consecutive displacements R c (t+∆t)−R c (t) as independent when a trajectory is recurrent returning back on itself many times and in that case, it is possible to estimate the spring constant K c , as described in Box 2 and [4] . To conclude, when a trajectory folds back on itself many times, much like a spring, it is possible to extract a field of force [73] .
The field of force discussed above reflects the internal chromatin interaction as well as the external forces due to long-range interactions between genomically distant loci that may be are brought together spatially by CTCF or cohesin. While budding yeast do not have CTCF they do have cohesin, which holds sister chromatids together in S phase. Artificial removal of cohesin in S phase cells increases chromatin motion. Interestingly, removal of cohesin in G1 phase cells, where the sister chromosome is absent, also marginally increases chromatin motion. This suggests a role for cohesin as a possible connector in budding yeast [70, 17] . For motion confined due to crowding only, applying the above procedure would not lead to any forces (which means K c = 0), because there is no field of force, except for the points in very close vicinity of the large obstacles [35] that restrict motion ( Fig. 1B) . When obstacles appear clearly, such as the rDNA containing nucleolus or the boundary of the nucleus, these estimations work well, but when obstacles are completely intermingled, these estimations are less robust.
To conclude, the four parameters described above (D c , α, L c , K c ) can be estimated from trajectories and they provide complimentary information about the statistical properties of chromatin loci [28, 7] . In addition, their estimation does not assume or require any underlying physical structure such as a polymer model, which will come in a second stage for the interpretation and the reconstruction of the underlying chromatin organization at a given spatial and temporal scale (see Box 1).
Relating polymer models and the anomalous exponent
How to chose a polymer model from the statistics of SPTs? We recall that for Rouse polymer, consisting of monomers connected by spring the anomalous exponent for each monomer (except the extremities), the anomalous exponent is α = 0.5, already illustrating a clear deviant behavior compared to Brownian motion (for which α = 1). This difference in α shows how polymer dynamics influences the motion of a single locus. Recently, a new class of polymer model was introduced (the β-polymer model) based on adding mid and long-range forces between all monomers to be calculated specifically [5] for anomalous exponents in the range of α ∈ [0 − 0.5]. For example, let us choose α = 0.345, what is the exact distribution of forces (spring constant) between monomers that leads to this value? This distribution was computed in [5] and could be seen as a realization of chromatin with crosslinker molecules. This model works for α greater than 0.5 and has been used to interpret the motion of DSBs in budding yeast [28, 7] . Here, after removal of a deterministic force that masked changes in α, an increase was observed at the site of a DSB. But what does an increase in α mean? While it could indicate that locus starts to move with more directed motion, it tells us little about the structure of the locus we observe or its interactions. However, using the β-polymer model and numerical simulations, an expansion of chromatin at the site of a DSB was predicted when α increased. This prediction was confirmed by super-resolution microscopy [7] . In this case the polymer model was driving a testable hypothesis and led to the design experiments that confirmed the theoretical prediction.
Reconstructing chromatin when the motion of loci is characterized by α > 0.5 is more complicated, as different type of forces are needed: combining a β-polymer model with a deterministic drift, which can even be oscillatory [7] increases the anomalous exponents. In addition to the β−polymer model, there are other ways to study long-range interactions in chromatin. One way is to use a model were the monomers of a polymer are connected randomly with transient (Binder model or RLM theory [10, 9] ) or fixed (RCL theory [60, 63] ) connectors (Fig. 1C ). These scenarios lead to an anomalous exponent for each locus < 0.5, although the exact relation between a realization characterized by the distribution and the number of connectors, and the anomalous exponent remains unclear.
Adding connectors to a polymer leads to confined motion of its monomers (Fig. 1B) . From SPTs of a single locus, it is possible to extract a resulting force only. It thus remains an open question how to reconstruct from such statistics the exact short, mid and long-range (materialized by binders such as CTCF) forces that need to be added on a polymer model. However, extracting forces that restrict motion is very accurate from tens of thousands of super-resolution SPTs, leading to the reconstruction of a drift map [39] . In the case of long SPTs, it is still possible to estimate forces from the recurrent motion [4] . The reconstruction assumes that confinement results from a parabolic potential, as discussed in subsection 2.2.4 and Box 2. This is a classical model used in chemical reaction and characterised by a finite parabolic well, truncated at a specific height. Recovering these characteristics is possible from many trajectories [33] .
For the chromatin, the story does not stop here. Once an overall force is computed, due to the nature of the polymer, a second step is needed that consists in a deconvolution procedure [4] which is required to differentiate the internal (due to chromatin internal properties) from external forces. This analysis is performed under several assumptions and when the chromatin is approximated as a Rouse polymer model, it is possible to recover the spring constant of the effective external force from the total force, when we know the genomic distance between the tagged locus and the one where the force is applied to (Box 2). The case of multiple forces was resolved in the Supplementary Info of [4] . For more elaborate models, numerical simulations are used to recover external forces. To conclude, the origin of forces acting on chromatin is still poorly understood, but polymer models suggest that connectors restrict chromatin loci motion, leading to apparent forces. The amplitude of these forces has been used to quantify chromatin dynamics before and after induction of DSBs [7, 28] .
How to interpret changes in the anomalous exponent α? Such interpretation depends also on the polymer model: changing the number of connectors or the forces between monomers in the β or RCL polymer respectively modifies α. In these models, a decrease in the anomalous exponent is always obtained by local chromatin compaction, while an increase is associated to decompaction [7] . A decrease in the anomalous exponent α is associated with an increase in the mid and/or long-range forces between monomers, leading to chromatin compaction. Conversely, an increase in α is associated with force releases, leading to chromatin decompaction. These theoretical results led to the prediction that after the induction of a DSB, chromatin decondensed locally, and this was interpreted as release of long-range forces between chromatin loci. A possible scenario could be that removing or adding random connectors (Fig. 1C) , such as cohesin and/or CTCF modulate chromatin organization. To conclude, short and long-range local chromatin organization influences SPTs of a single locus and can be estimated from α.
Another possible scenario for confinement comes from random crosslinkers [60] between chromatin loci ( Fig. 1B-C) . This hypothesis can be evaluated by looking for simultaneous changes of the four parameters presented above: for example, a reduction of the length of constraint L c in parallel with a reduction of the anomalous exponent α and an increase in the local tethering force spring k c is associated with an increase in the number of connectors and chromatin condensation. However, no changes are expected to be seen in the diffusion coefficient [7] , unless there is a local nucleosome removal at the measured site. Conversely, a decrease of the diffusion coefficient is directly connected to an increase of crowding [31] obtained by adding sufficiently large obstacles compared to the size of the observed loci [63] .
To conclude, changing the number of connectors between chromatin loci has several consequences: First, only a few connectors are required to see a change on polymer dynamics. In general, less than 1-5% are sufficient to restrict chromatin motion, but as discussed below, many more are needed to guarantee a radius of gyration of a few hundred nanometers. Second, connectors can be positioned at random and not at a specific location, leading to a spectrum of anomalous exponents computed at each loci. The number of connectors can be estimated using the encounter probability of the HiC data [63] . This number seems to play a key role in defining topologically associating domains (TADs) [63] , gene regulation [63] and organization across cell differentiation [62] .
Influence of the sampling time step ∆t on the four measured parameters
How does the sampling time ∆t influence the biophysical parameters extracted from loci SPTs? First ∆t enters directly in the estimation of the four parameters mentioned above (Box 2). Second, from polymer model theory, when ∆t is small or large compared to the relaxation time scale [18, 5, 60] of the chromatin, we expect to extract difference in parameters such as diffusion coefficient or the anomalous exponent α [6] . In general there is no simple relation between the time step ∆t and the underlying physical property of chromatin and its interaction with the environment ( Fig. 2A) . For example, can you interpret that decreasing ∆t is associated with an increase of the effective diffusion coefficient? For a random walk (Brownian motion at scale ∆t), changing ∆t has no effect on estimating the diffusion coefficient D c . However, for chromatin, decreasing the sampling rate ∆t increases the effective diffusion coefficient [7] . One possible interpretation is that by increasing the time step, more of the chromatin contributes to the motion of the locus, leading on average to a decrease in the effective diffusion coefficient (Fig. 2B  table) . Conversely, by decreasing the time step ∆t, the diffusion coefficient D c increases because the part of the polymer influencing the motion has diminished, leading to a reduction in the resulting estimated force and thus less constraints are influencing the monomer motion. The choice of ∆t is thus critical: it should not be too small (that would only capture the motion of a single monomer) or not too large (when the entire polymer can move by diffusion in a confined environment), but be chosen in an intermediate time regime, as predicted from the anomalous behavior of a monomer [5, 7] . Another effect of ∆t concerns the interpretation for the tracking localization noise (Fig. 2C) , where a Gaussian error of amplitude σ is added to the physical position Z phys , so that the measured position is Z measured = Z phys + σξ. Such localization error affects the value of the effective diffusion coefficient compared to the physical diffusion coefficient D phys , leading to shift D measured = D phys + σ 2 2∆t + Aσ 2 divf , where A is a constant and f is the force applied to the tagged loci [37] . The noise localization error influences differently the values of the four biophysical parameters, in particular, the anomalous exponent α should not vary when ∆t changes because
However, experimental results shows that it is an increasing function of ∆t, suggesting that other physical mechanisms should be taken into account when increasing the time step ∆t.
Interestingly, the diffusion coefficient can also depend on ∆t. Indeed, for small ∆t, obstacles will restrict motion and the estimated diffusion coefficient (Box 2) will only capture the space between obstacles. However, increasing ∆t, another diffusion regime (effective diffusion) can be captured, which consists in large random jumps between obstacles. For example, observing a change by a factor two in the effective diffusion coefficient is associated with an increase of the density of obstacles from 50 to 70% [31] .
To conclude, it may appear contradictory to extract at the same time a diffusion coefficient, assuming the underlying process is a classical diffusion and the anomalous exponent, referring to an anomalous description. These two descriptions could co-exist: trajectories could be seen as generated by an apparent diffusion process at a fixed sampling time scale ∆t, but also by an anomalous process, coarse-grained at a scale ∆t. The time step is certainly critical for the parameter estimations. Future investigations are needed to clarify what exactly can be revealed from the chromatin at small and large ∆t.
A first passage time analysis of two simultaneous tracked loci reveals chromatin dynamics at the 250nm scale
Are there new features or biophysical information contained in trajectories of two loci tracked simultaneously that are not contained in loci tracked individually? Using the four biophysical parameters mentioned above, each locus could be analyzed separately. However, we shall discuss here how the statistics of the distance changes between the two loci reveals chromatin organization and dynamics at a scale of hundreds of nanometers [45, 61] for the analysis of the data of [15, 28] ). We now recall a method introduced in [61] , which focuses on the recursion dynamics of the two loci and the distribution of times τ D and τ E that they are spending in closed proximity and far away before they meet again, respectively. Intuitively, the distribution of these two times reveals the local organization of the chromatin: the time τ E to meet again is associated with the local organization in a scale of the order of the genomic distance between the two loci, while the time τ D accounts for the local three dimensional organization around the two loci. The method of analysis has several steps: The first one is to consider the two trajectories X(t), Y (t) (Fig. 3A) and an arbitrary threshold length T = ε, that defines an encounter distance, which we can vary between tens to hundreds of nanometers. The second step is to compute the distance d(t) = |X(t) − Y (t)|. Then the segmentation consists in collecting the time interval before the two locus encounter for the first time, defined by d(t) > ε, leading to a time series [τ E1 , .., τ En ] and a second time series for the distribution of times before the two loci dissociate [τ D1 , .., τ Dm ] (Fig. 3B ). In the third step, the two time distributions are well approximated by an exponential (Fig.  3C ). This property is valid for several genomic distances between the two loci [61] . The exponential decay of the encounter time distribution is well predicted in the context of rare events of polymer looping theory [53, 2, 6] . If the loci dissociate within a physical mechanism against a field force (that tends to prevent the two loci from separating), then the dissociation time distribution can also be approximated by a single exponential distribution.
This passage time analysis was applied initially to two loci SPTs [15, 28] , where the distance between the two tagged loci varied in the range [23.5, 100.8] kbps and were tracked at time intervals of 300ms over 60s. The mean encounter time τ E decreases in the range ε ∈ [0, 0.25]µm, but was independent of the encounter distance for ε > 0.25µm. In comparison, the mean dissociation time τ D increases with ε in the range [0, 0.5]µm. Later, the analysis was applied to two loci located at a distance ∆ = 50kbp apart tracked over 60 − 120s at 300ms rate, before and after the use of the drug Zeocin 500µg/ml, which induces DNA damages at random positions of the chromatin (Fig. 3D, top, red crosses) . The analysis revealed that the mean duration τ E decreases with respect to the distance threshold ε, both in the untreated and Zeocin treated cases (Fig. 3D) : a plateau is reached in 500ms for ε = 0.25µm, showing that the encounter time does not depend on ε above 0.25µm. In addition, the mean encounter time τ A (Fig. 3E ) is slower following induction of a DSB, while the mean dissociation time τ D is faster ( Fig. 3F) : this result suggested that chromatin is less crowded at the spatial scale of the order of the distance between the two loci, while it is more crowded far away. This may be due to a local depletion of material locally after DSB, which is relocated further away from the break site.
To conclude, distributed DSBs impair recurrent chromatin motions only at a scale below 0.25µm, suggesting that this spatial scale characterizes the local chromatin organization in which undamaged loci can freely move, but become restricted above it (Fig. 3G ). We expect that recording multiple loci at the same time could reveal the local chromatin organization and could be used to determine the minimum number of cross-linkers compatible with the statistics of the recurrent loci behavior.
Local chromatin environment reconstructed from simulations of polymer model
Understanding how chromatin moves in a confined environment remains challenging, but particularly useful to analyze the local environment located near a DSB. What can we learn about very confined chromatin environment from numerical simulations? The first approach to answer this question is to identify a polymer model and to constrain it by the four biophysical parameters mentioned in section 2 and extracted from SPTs.
Cross-linkers constrain chromatin motion
We discuss here evidences of short and long-range interactions of cross-linkers that constraint chromatin motion. Indeed, there are around ∼100,000 CTCF binding sites identified in the genome [44, 56] , but not all binding sites are occupied at any moment of time. Genomic loops mediated by structural proteins vary in the range of 15-123kbp in HeLa cells, with a mean of 86kbp [41] . A significantly larger cohesin loop of ∼ 370 kbp was measured in [26] . Bound cohesin is not distributed uniformly along the chromosome, having higher concentration near centromeres and overall average spacing of 10kb apart [65] . In addition, cohesin binding sites correlate with position of DNA replication origins [25] . Although CTCFs, cohesin and condensin molecules are bound to chromatin, it is still unclear how exactly they are participating to loop formation. But CTCF residence time is ∼ 1min in mouse embryonic stem cells [27] . Approximately ∼80% of CTCF molecules bind transiently and non-specifically to the chromatin with a residence time of ∼0.2-0.6s [1] , whereas the residence time for a residual fraction of CTCF is in a wide range between ∼4s to > 15min. Residence times for cohesin are longer than those of CTCF, and are cell cycle dependent. In G1, about 30% of cohesin is bound to chromatin with residence of ∼6 hours, whereas in G2 about 45% of cohesin is bound with a residence time of ∼24 min, as measured in [24] . Similar times of ∼20min were also measured in [27] .
In that context, two type of models have been used: those with transient [10, 9] and the others with permanent but randomly positioned connectors [63, 60] . The local chromatin environment including constraints can be simulated using polymer models such as the β-polymer or Randomly Cross Linked (RCL) model [63, 60] . The later model describes chromatin containing crosslinkers, positioned at random places. We recall that the RCL polymer is composed of a linear Rouse backbone of N monomers, connected sequentially by harmonic springs. In each realization of the polymer, N c spring connectors are added (Fig. 4A) between randomly chosen non-nearest monomers pairs. This parsimonious addition of connectors accounts for binding molecules such as CTCF and Cohesin or Condensin, and their random position can generate the heterogeneity in chromatin architecture observed across cell population.
The key parameter that reflects constraint of the chromatin encounter probability is the number of connectors in a defined sub-chromatin region, but not necessarily their position, as long as they are uniformly distributed. Transient and static connectors lead to similar statistical properties over a time scale longer than the transient detachment and re-attachment of each connector.
Data calibration of cross-linkers
How CTCF and Cohesin or Condensin contribute to chromatin organization? This question can be explored using polymer model with a calibrated number of added connectors? A first calibration came from HiC data based on a polymer modeling [63] : this approach converts encounter probability of the HiC data into a short-range (intra-TAD organization) and long-range connectors. From this reconstruction approach, it is possible to compute a synthetic encounter probability map, which appears to be very similar to the empirical HiC one, suggesting that the reconstructed polymer model is an adequate average representation of chromatin organization at the scale of the HiC data. Once such a polymer is constructed, it is possible to explore transient properties such as the time and the probability for two loci to meet before a third one, and so one. Thus this analysis reveal the local chromatin exploration properties.
Another possible calibration is to determine the number of cross-linkers from local confined area, explored by a locus before and after the induction of DSB. In that case, when the length of confinement L c increasing from 0.13 (before) to 0.23 µm (after) DSB [7] , then the number of connectors needed for a RCL-polymer with a total of N = 100 monomers vary from N c = 130 to 125, respectively (Fig. 4A) .
Interestingly, if a large number of cross-linkers is required to condense a polymer to a small blob, surprisingly only ∼ 4% are removed to match the decondensed DSB phase. In addition, the mean radius of gyration R g ≈150nm is mostly unchanged between the unbroken locus and DSB. However, the encounter time τ E (defined above, see also Fig. 4D ) changes from 1 to 2.8s, showing that removing few connectors could affect the local encounter time. Changing the number of connectors appears in the mean maximal distance between the two monomers, increasing from 0.33µm in the unbroken case to 0.75µm after DSB. After separation of the two strands, the remaining connectors maintain the two extremities with a maximal distance that decreased with N c (Fig. 4A) left) , showing that added random connectors serve to confine loci local environment, and prevent the two broken ends from drifting apart. This situation can facilitate re-ligation by nonhomologous-end-joining (NHEJ), as well as locally opening the chromatin environment to allow access for the accumulation of repair proteins. To conclude, randomly positioned cross-linkers are used to model chromatin condensation and dynamics. Their minimum number can be adjusted to match experimental data of SPTs and HiC, offering a simple tool to represent chromatin organization at a given spatial scale, that can be used to explore the local chromatin environment and dynamical properties.
Available chromatin polymer packages
There are different types of available packages to compute and analyse the properties of loci mentioned in the past section: 1) Extract parameters from SPTs data 2) Reconstruct chromatin from HiC 3) Simulate polymer dynamics; single loci, compute MSD, 4) Reconstruct polymer model with specific properties such as β-polymer, accounting for viscosity or RCL.
Type 1
Matlab codes to compute the four parameters from SPTs [28, 7] are available at http : //bionewmetrics.org/analysis−of −spts/. Fast algorithms of RCL-polymers [60] are available at http : //bionewmetrics.org/randomlycrosslinkedpolymer//. Trajectories and polymer can be visualized in 3D and quantities such as mean-square-radius of gyration (MSRG), encounter probability (EP), and variance of the distance between loci, the Mean square displacement (MSD) and mean first encounter time (MFET) between loci are computed. Extension of this framework to include a single and multiple DSB, is provided in a Julia framework at http : //bionewmetrics.org/randomly − cross − linked − polymer − f ollowing − dsb/.
Types 2-3
The numerical code to generate a generalized RCL polymer framework, consisting of two interacting Topologically Associating Domains (TADs) [63] is available at http : //bionewmetrics.org/reconstruction−of −a−polymer − model − f rom − the − chromatin − capture − data/. Short random and fixed long-range connectors are added between TADs. Chromatin parameters can be calibrated directly from chromatin conformation capture data (3C, 5C, HiC) given TAD boundaries positions. Peaks within and between TADs lcoated in the encounter probability matrix are detected and converted in a number N c of connectors. This framework enables to study the influence of short-range random connectors within TADs and long-range fixed connectors within and between TADs on the dynamic properties of loci in cross-linked chromatin.
Type 3-4
Fast numerical polymer simulations, incorporating internal and external forces, such as those from nuclear boundaries and diffusing molecules and structural proteins (CTCF) are implemented in an open source platform OpenMM [20] (http : //openmm.org/). OpenMM framework is used in [19] to simulate polymers as a model of chromatin in confined nano-domains. Coarse-grained polymer simulations consisting of transient genomic loops with OpenMM are available at https : //mimakaev.bitbucket.io/index.html.
A general molecular dynamics computational framework is LAMMPS [54] (https://lammps.sandia.gov). LAMMPS provides a flexible interface and packages to simulate polymer in confined domains. LAMMPS could also be used to simulate realizations of many types of molecular dynamics scenarios, such as blood flow in capillaries. LAMMPS was used in [72, 59, 14] to study the folding landscape of chromatin calibrated from CC contact data.
Reconstruction of a three-dimensional (3D) chromatin structures from ensemble CC contact maps remains a challenging task [55] . Models that suggest a solution to this problem take as an input CC contact maps and output an averaged (consensus) 3D structures by employing optimization algorithms to convert loci-loci encounter probability to a spatial distance, commonly based on the expected decay of the CC encounter probability with genomic distance [71] . In the model developed in [51] , the average loci distances are computed from CC maps and additional constraints on chromatin folding from the expression of epigenomic markers see also [72] .
3D structure reconstruction from a single cell HiC data was developed in [64] based on NMR principle, codes are available at (https : //github.com/T heLaueLab/nuc d ynamic Although average distances between genomic loci can be computed from the 3D structure, the dynamics of the reconstructed chromatin cannot be retrieved directly from the resulting structure because the final structure does not include information about cross-linkers, their distribution and dynamics. Bio-informatic tools [8] provide algorithms to extract parameters directly from CC contact maps, such as TAD boundaries and peak (see [56] ), which enables to extract the position of fixed long-range connectors. The parameters extracted can be used for polymer simulations.
Conclusions
As the world of chromatin molecular biology and biophysics become more entangled it is essential to build a set of reliable tools to easily analyze biological data. Here we have described techniques and tools to study SPT data as well as how to use polymer models to interpret these results in the context of chromatin sub-organization. We further presented how to extract information from correlated loci analysis and how to interpret the changes in parameter values when the sampling rate ∆t is changing.
Models are a step towards a unified tool of SPT data with data generated by chromatin conformation capture techniques such as HiC (Fig. 4B) . Such a tool would be immensely useful as it would take into account physical dynamics of chromatin at a local level while also giving an overview of interactions throughout globally. This type of unified model would allow us to better understand a number of complicated biological processes such as enhancer / promoter organization during transcriptional reprogramming, homology search during DSB repair and CRISPR/Cas9 editing. In particular, simulating the effects of integrating viral DNA on the chromatin environment would give new insight into how viruses cause mutations and ultimately disease. 
